A great awareness of safe crop production is needed by selecting the suitable uncontaminated soil, and good seed types, etc. In this study, artificial neural network (ANN) was used to classify thirteen cultivated soils, in adjacent regions, in Al-Kharj Governorate, Saudi Arabia based on their natural radionuclide contents detected using gamma-ray spectrometer and geographical coordinates and altitude measured using GPS system. A total of 3497 patterns were collected. Specific activities (238-U, 40-K, 137-Cs and 232-Th in Bq/kg) were acted as inputs to an ANN classifier. In addition, geographical coordinates and altitude acted as inputs to the ANN classifier. The best predictive power for the classification of soils from the thirteen sites was achieved using 140 hidden neurons in the hidden layer of the ANN classifier. Most of soil data not included in the training data was correctly classified with an overall classification rate of 94.63%. The obtained results indicate that natural radionuclide contents detected by gamma-ray spectrometer and geographical coordinates and altitude measured by GPS in combination with ANN classifier is a viable tool for soil classification. The outcome of this research may have many benefits to environmental, soil and crop specialists in Saudi Arabia.
INTRODUCTION
A great awareness of safe crop production is needed by selecting the suitable production items like uncontaminated soil, good seed types, etc. Recently, high resolution sensor gamma-ray for detecting soil natural radionuclide contents is helping to make safe crop production a reality. These sensors are generating enormous amounts of data that can be processed, stored, and made available to the user community.
*Corresponding author. E-mail: wahby@ksu.edu.sa. Tel: 0096614678470.
Natural radioactive materials under certain conditions can reach hazardous radiological levels. So, it becomes necessary to study the natural radioactivity levels in the soil to assess the dose for the population in order to know the health risks and to have a baseline for future changes in the environmental radioactivity due to human activities (Singh et al., 2009) .
Soils are formed by numerous processes of physical and chemical weathering. The classification of the soil is considered to be an important process due to the soil types must be the same in all locations during running agricultural activities for the results to be accurate. Soil classification deals with the systematic categorization of soils based on distinguishing characteristics as well as criteria that state choices in use (Ramesh and Ramar, 2011) .
A number of studies have been carried out on the application of data mining techniques for agricultural data sets. In the field of classification, artificial neural network (ANN), multivariate logistic regression, and multivariate discriminant analysis modeling could be building to perform the classification of soils from different criteria. However, soil classification was made more accurate, cheaper and easier with the implementation of ANN trained model (Omidiora et al., 2008) .
ANN is a system based on the operation of biological neural networks that has different advantages (http://www.learnartificialneuralnetworks.com). When an element of the neural network fails, it can continue without any problem by their parallel nature.
A neural network learns and does not need to be reprogrammed. It can be implemented in any application without any problem. On the other hand, the neural network needs training to operate. The structure of a neural network has no specific rules for building. ANN is a best way to implement a solution due to their simplicity, design and universality. The real power of neural networks is evident when the trained network is able to produce good results for data which the network has never "seen" before (Ward System Group Inc., 2007) .
The basic building block of ANN technology is the simulated neuron (depicted in Figure 1 as a circle). The network processes a number of inputs to produce an output (that is, the network's classifications). The neurons are connected by weights, (depicted as arrows in Figure 1 ).
Neurons are grouped into layers by their connection. In Al-Hamed et al. 1517 the input layer, neurons receive data. In output layer, a neuron contains the network's classifications. Neurons in between the input and output layers are in the hidden layer, which serves as a feature detector (Ward System Group Inc., 2007) . The network begins by finding linear relationships between the inputs and the output. Weight values are assigned to the links between the input and output neurons. After those relationships are found, neurons are added to the hidden layer so that nonlinear relationships can be found. Input values in the first layer are multiplied by the weights and passed to the second (hidden) layer. Neurons in the hidden layer "fire" or produce outputs that are based upon the sum of weighted values passed to them. The hidden layer passes values to the output layer in the same fashion, and the output layer produces the desired results (predictions). The network "learns" by adjusting the interconnection weights between layers. The producing answers of the network are repeatedly compared with the correct answers, and each time the connecting weights are adjusted slightly in the direction of the correct answers. Additional hidden neurons are added as necessary to capture features in the data set (Ward System Group Inc., 2007). Onjia (2006, 2007a, b) used different data analysis methods to recognize and classify soils of unknown geographic origin. A total of 103 soil samples collected from different regions in Serbia and Montenegro were differentiated into classes. Their radionuclide (226-Ra, 238-U, 235-U, 40-K, 134Cs, 137-Cs, 232-Th and 7-Be) were used as the inputs in different pattern recognition methods. For the classification of soil samples, the prediction ability of linear discriminant analysis, k-nearest neighbors, soft independent modeling of class analogy and ANN were 82.8, 88.6, 60.0 and 92.1%, respectively. When they used principal component analysis for classification, classification rate of 86.0% correctly classified samples was achieved.
This research has utilized existing data about soil natural radionuclide contents collected from scanned 13 soils in order to classify them. The soil properties which have been collected through project funded by the National Plan for Science, Technology and Innovation Program, King Saud University, Saudi Arabia provide a vast amount of information on the classification of soil based on natural radionuclide contents and geographical coordinates and altitude. The analysis of these soil data sets with ANN technique may yield outcomes useful to researchers in the agricultural, soil management and environment. The aim of this research is to use an ANN classifier to classify some cultivated soils in Al-Kharj Governorate, Saudi Arabia based on their natural radionuclide contents and geographical coordinates and altitude. The outcome of this research may have many benefits to environmental, soil and crop specialists in Saudi Arabia. 
MATERIALS AND METHODS

Soil sites
The soil sites are located at Al-Kharj, Saudi Arabia. Al-Kharj is a city and governorate in central Saudi Arabia. The city is located at around latitude of 24.148°N and longitude of 47.305°E. Some vegetables like carrots, cucumbers, tomatoes and lettuce are examples of produced vegetables. Date palm trees and oranges, melons and grapes are famous produced fruits in this area (http://en.wikipedia.org/wiki/Al-Kharj). Soil particle distribution, soil moisture content and soil bulk density of the scanned soils are shown in Table 1 . Mean and standard deviation of latitude, longitude and altitude of the scanned soils are shown in Table 2 .
Data collection and procedure
Gamma-ray spectrometer, the Mole (Egmond van et al., 2008) that is used commercially for high resolution mapping of physical and chemical soil properties is used to scan thirteen cultivated soils to detect natural radionuclides concentration in the surface layer. Latitude, longitude and altitude of all the scanned soils were determined using a global positioning system (Garmin GPS 60) which is a satellite based positioning and navigation system that provides position with accuracy less than 15 m. The Mole detector, GPS and laptop are placed on a fabricated iron carriage as illustrated in Figure 2 . The carriage is pulled manually or by a vehicle over the field. The average scan speed for all soil sites is 1.43 m/s. The Mole system stores the data to enable post processing of them at a later stage using Gamman software. A calibration file is provided with the Mole system to complete data processing gathered from the scanned soils. The Mole can scan soil surface layer in few seconds to get different radionuclides properties like 238-U, 40-K, 137-Cs and 232-Th in Bq/kg. The thirteen soils have been scanned during October 2011. Basic statistics of detected activity concentration of 40-K, 238-U, 232-Th and137-CS in the scanned thirteen soils are shown in Table 3 .
Development of ANN classifier
The detected natural radionuclide contents in the scanned soils and geographical coordinates and altitude were processed with Gamman software and the data are converted to Excel spreadsheet. Then, the data were converted into comma delimited (CSV) format file for the Excel spread sheet and this file was used by NeuroShell Classifier for classification purposes. The software NeuroShell Classifier (release 3), developed by Ward System Group Inc. (2007) was used in this study. It is a neural network using a proprietary algorithm. Details of the structure of it were unavailable. The best hidden neurons were selected based on the highest overall accuracy for the training data set. Two random data sets were created and the dataset was grouped as 2790 and 707 patterns for training and testing purposes, respectively. Seven features (238-U, 40-K, 137-Cs, 232-Th, latitude, longitude and altitude were used as inputs to the developed ANN classifier.
Evaluation of ANN classifier performance
Classification is learning a function that maps (classifies) a data item into one of several predefined classes. The aim of the classification task is to discover some kind of relationship between the input attributes and the output class, so that the discovered knowledge can be used to predict the class of a new unknown object (Growe, 1999) . NeuroShell Classifier has some performance criteria to evaluate the classifier. They are true-positive ratio, falsepositive ratio, true-negative ratio, and false-negative ratio. The classifier outcome was compared with the known visual class, and performance of the classifier was judged based on accuracy of prediction. According to Shahine et al. (2002) 
RESULTS AND DISCUSSION
From Table 4 were analyzed to determine the relationships among soil characteristics and mean specific activities detected in the scanned soils. The results showed weak negative associations between all pairs of 40-K, 238-U, 137-Cs and clay content as shown by their negative correlations (r = -0.274, -0.095 and -0.175), respectively. The 232-Th concentration, detected in the investigated soils, showed a moderate negative correlation ( r = -0.667) with clay content. Meanwhile, it is positively proportional Table 5 illustrates correlation coefficients between seven inputs to ANN classifier. The results showed moderate negative associations between all pairs of 40-K, 238-U, 232-Th and latitude as shown by their negative correlations (r = -0.370, -0.525 and -0.529), respectively. The 137-Cs concentration, detected in the investigated soils, showed an increasing tendency with altitude. This result is in agreement with findings by Kubica et al. (2007) . Demonstrated increase in 137-Cs activity in correlation to altitude might be elucidated due to the humic development level (Kubica et al., 2007) . Furthermore, for 40-K, the changes in its specific activity detected in the scanned sites in respect to the longitude were noticed with weak negative correlation (r = -0.346). For 238-U, the changes in its specific activity detected in the scanned sites in respect to the longitude were noticed with weak positive correlation (r = 0.189). For 232-Th, the changes in its specific activity detected in the scanned sites in respect to the longitude were noticed with weak negative correlation (r = -0.231). For 137-Cs, the changes in its specific activity detected in the scanned sites in respect to the longitude were noticed with weak negative correlation (r = -0.463). Specific activities of 40-K, 232-Th and 137-Cs are correlated with altitude with weak positive correlation (r = 0.339, 0.231, 0.496), respectively. Also, 238-U is correlated with altitude with weak negative correlation (r = -0.178).
The NeuroShell Classifier allows building of a powerful classification model quickly. In this research, data are randomized and 80% of the data (2790 rows) were randomly selected for training the classifier and the rest 20% (707 rows) for testing. Number of hidden neurons trained was 150 and the optimal number of the hidden neurons was 144. Figure 3 depicts the obtained training graph from NeuroShell Classifier using training data set. The best overall classification accuracy was 94.63% (2631/2790*100) for training data set. Agreement matrix (sometimes also called confusion matrix or contingency table), true-positive, false positive, true-negative and false-negative ratios, sensitivity and specificity values are displayed in Table 6 for training data.
In agreement matrix, numbers appearing on the diagonals of the matrix corresponded to correctly classified cases, while off-diagonal entries represent misclassification. A matrix table makes it easy to identify where the misclassifications are occurring. The training sample classification rate indicates the model performance when the model is build with seen data values. This gives an idea if a given data set can be classified with ANN based approach. As indicated in Table 6 , the summary result of ANN classifier using all seven indicators together showed that from the total train examples of 323 instances, 323 were correctly classified for F1 soil code. For F10 soil code, examples of 246 instances, 224 were correctly classified and 22 instances was misclassified and classified as F9 soil code. The percentage of correctly classified instances for each soil code in training data set was shown in Figure 4 .
It was clear from Figure 4 that, the percentage of correctly classified instances for each soil in training data ranged between 80.48 and 100%. According to the results of network training, the network has successfully captured the relationship between the input parameters and output. The network with the specified structure gives Table 6 . Agreement matrix summary of randomly of training data. Actual  Total  F1  F10  F11  F12  F13  F2  F3  F4  F5  F6  F7  F8 reliable results during the training stage. Based on the obtained results, a soil can be classified based on its natural radionuclide contents detected using gamma-ray spectrometer and geographical coordinates and altitude measured using GPS system. The ANN classifier could be very useful helper for environmental and soil specialists. In this research, some soils were incorrectly assigned to one or two wrong classes. This misidentification of the soils indicates that other soil characteristics may influence the pattern of specific activities of the four detected natural radionuclides. The true-positive ratios (also called sensitivity) for all soils are illustrated in Table 6 for training data set. However, sensitivity is usually expressed as percentage, ranging from 0% (very bad classification) to 100% (perfect classification).
Soil code
The sensitivity values for soil codes F1, F10, F11, F12, F13, F2, F3, F4, F5, F6, F7, F8 and F9 were 100, 98.68, 74.16, 93.51, 97.79,100, 99.11, 100, 93.91, 79.38, 93.43 , 100 and 81.78%, respectively in training data set. The true-negative ratios (also called specificity) for all soils are illustrated in Table 6 for training data set. However, specificity is usually expressed as percentages, ranging from 0% (very bad classification) to 100% (perfect classification). The specificity values for soil codes F1, F10, F11, F12, F13, F2, F3, F4, F5, F6, F7, F8 and F9 were 100, 99.14, 99.12, 99.88, 99.50, 100, 99.88, 100, 98.75, 100, 99.54, 99.92 and 98 .07%, respectively in training data set.
The developed ANN classifier model still needs to be tested with the unseen data. Hence, the testing sample classification rate represents the model performance for unseen data. The best overall classification accuracy was 94.63% (669/707*100) for testing data set. Agreement matrix, true-positive, false positive, true-negative and false-negative ratios, sensitivity and specificity values are displayed in Table 7 for testing data. As indicated in Table 7 , the summary result of neural classifier using all seven indicators together showed that from the total test examples of 63 instances, 53 were correctly classified for F5 soil code, 2 instances was misclassified and classified as F6 soil code and 8 instances was misclassified and classified as F7 soil code with classification accuracy of 84.13 (53/63*100). For F8 soil code, examples of 55 instances, 55 were correctly classified with classification accuracy of 100%. The percentage of correctly classified instances for each soil in testing data set was shown in Figure 5 . It was clear that, the percentage of correctly classified instances for each soil code in testing data ranged between 84.13 and 100%. The higher the percentage of correctly classified the better the model's predictive power.
The sensitivity values for soil codes F1, F10, F11, F12, F13, F2, F3, F4, F5, F6, F7, F8 and F9 were 100, 98.21, 79.49, 93.33, 98.11, 100, 94.55, 100, 92.98, 90, 82 .61, 100 and 86.21%, respectively in testing data set. The specificity values for soil codes F1, F10, F11, F12, F13, F2, F3, F4, F5, F6, F7, F8 and F9 were 100, 99.39, 99.40, 99.85, 99.24, 100, 99.85, 100, 98.46, 100, 99 .39, 100 and 98.61%, respectively in testing data set.
Conclusion
The overall correct classification performance was over 92% in this research for different training/testing data sets indicating that the detected specific activities of natural radionuclide contents of 238-U, 40-K, 137-Cs and 232-Th in Bq/kg and geographical coordinates and altitude with ANN is a viable tool for soil classification in adjacent regions in Al-Kharj Governorate, Saudi Arabia. Some soils were incorrectly assigned to one or two wrong classes. other soil properties may affect the pattern of specific activities of the four detected natural radionuclides.
